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Abstract 
In context of automation the concept of cyber-physical systems creates a consistent data interchange via open and global 
information networks with bidirectional flow of information. However, in order to generate potential benefits, relevant process
data has to be identified and transferred to usable knowledge. 
In this paper we propose an approach for using the information feedback, provided through cyber-physical systems within 
production facilities, for the enhancement of the product design process. Due to the integration of knowledge bases, the data 
gathered in production is transformed to knowledge for improvement, which is structured for re-utilization with the use of 
ontologies. 
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1. Introduction 
The fourth industrial revolution and the digital 
transformation are prevailing factors in the manufacturing 
industry. Manufacturing companies are faced with changing 
conditions and challenges that must be responded to. These 
include for instance shorter product life cycles, the desire for 
customized products as well as increased consumer demands in 
terms of function, quality and design of products. Therefore, 
products and their design and manufacturing processes become 
more complex, whilst quantities are getting smaller. However, 
an important economic factor is a value chain with the 
efficiency comparable to a mass production from product 
design over production planning to manufacturing and service. 
[1] 
This requires in particular a flexibilization of the largely 
inflexible production processes through new technologies. 
Cyber-Physical Systems (CPS) are considered as the most 
important technological enablers for the future design of the 
material and information flows in production and logistics. 
CPS enable physical objects such as machinery, conveyor 
systems and products to collect, store and process data as well 
as to communicate via digital networks with each other. [2, 3] 
The results are entirely new cyber-physical production 
systems. Production facilities know their current technical 
condition, their job situation and their possible application at 
all times. In addition, they are able to communicate with other 
machines and to exchange data within the company but also 
beyond the company’s borders. Based on the provided 
information an alternative value flow is determined for every 
product, which is optimized according to different aspects, 
such as quality, cost or time. [4] 
However, the fourth industrial revolution concerns far more 
than the production process itself. It is important to consider 
the entire value chain. Especially the production upstream 
processes entail great efficiency potentials [5]. The data that is 
collected, exchanged and analyzed with the help of CPS forms 
the basis for further product and process optimization as well 
as complementary services.  
For CPS not only play a role in the networking of individual 
entities with each other, they are also set as the interface 
between the virtual and real world. They are to merge both 
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worlds seamlessly through a continuous exchange of data 
between real and virtual worlds. Changes in reality are directly 
affecting the virtual world and vice versa. In future, many 
production upstream processes are carried out only in the 
virtual world. Thus a shortening of development times and an 
increase in productivity are achieved. Both products and 
production processes should be virtually planned, tested and 
assured on the basis of existing data. The following 
examination concentrates on the use of data that can be 
collected by cyber-physical systems, and their added value for 
the knowledge-based product design. [2, 6] 
2. State of the art 
The product design has a high impact on the entire company. 
Essential decisions on factors such as quality, cost and time are 
made during the product design process that affect numerous 
other business sectors. This places high demands on the 
products but also to the product design process itself. The 
targeted use of knowledge within the product design is one of 
the key factors to ensure the quality and to achieve a 
competitive advantage. 
2.1. Use of knowledge in product design 
In the design process, the product layout particularly 
depends on the experience and creativity of developers. Usual 
construction and developing methods require that designers 
and developers continuously contribute their experience and 
expertise to the design process. This becomes increasingly 
difficult due to the increasing complexity of products, almost 
completely exhausted optimization potentials as well as the 
growing time and cost pressure. The knowledge-based 
approaches are able to support the product design process 
through knowledge that is directly saved in the CAD model or 
in CAD-related applications. Many modern CAD systems are 
based on parametric and associative and feature-based 
modeling approaches and offer many opportunities for the 
application of knowledge-based technologies like the 
automatic data processing in knowledge-based engineering 
(KBE) systems [7]. 
For this purpose, the existing process and product 
knowledge has to be identified, prepared and made available 
for the design process in the form of knowledge-based systems 
[8]. The development of a knowledge-based system for product 
development is divided into three main steps [9]:  
1. knowledge collection 
2. knowledge analysis and structuring 
3. knowledge implementation 
The knowledge collection is used to extract and gather 
knowledge from different knowledge sources. In general, a 
distinction can be made among three types of knowledge 
acquisition (see Fig. 1.). The methods of direct and indirect 
knowledge acquisition aim to make implicit knowledge in form 
of the know-how of experts available manually by himself or 
with the assistance of a knowledge engineer. A literature-based 
knowledge acquisition, for example by means of reference 
books, can also be assigned to the direct knowledge acquisition 
[10]. 
Fig. 1. Methods of knowledge acquisition [11] 
Automatic knowledge acquisition approaches strive for 
acquiring knowledge without the aid of experts automatically 
by means of a self-learning system [12]. The methods of 
automatic knowledge acquisition can be used for various 
application areas [9]. This concerns, for example, the gathering 
of process knowledge or best practices. This issue is addressed 
in the further course of this paper. 
Subsequently, the knowledge has to be structured and 
analyzed in order to prepare it for the formal integration into 
the knowledge base. Structures need to be developed and bases 
for conclusion mechanisms should be established. This is done 
by the definition of a lot of syntactic and semantic rules. For 
the analysis and structuring of engineering knowledge on 
behalf of the knowledge-based and computer-aided design, 
typical structures are [7]: 
x classes with attributes, class hierarchies, taxonomies and 
inheritance; 
x relations and constraints between entities; 
x different abstraction levels (for instance, part-of hierarchies 
in technical systems with assemblies and parts);  
x consistency conditions between various parts of 
knowledge. 
The knowledge implementation refers to the transfer of formal 
knowledge on computer-interpretable knowledge carriers and 
the creation of appropriate applications. In connection with the 
product design this means the realization of a KBE application. 
The basis for this are existing design, procedures and solution 
catalogues that are taken into account and are expanded [13]. 
Possible knowledge carriers for the knowledge base of a KBE 
application are [9]: 
x CAD geometries (e.g. intelligent geometry features, 
formula-based geometry parameters, rule-based formula 
linkages) 
x parts lists and parts management (as a rule, with the help of 
a PDM system) 
x specialized knowledge bases (rule and constraint libraries) 
x software programs (e.g. design macros, calculation 
algorithms) 
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A common means to represent knowledge are ontologies. 
They are applied in various modern information retrieval 
systems [14]. As ‘a formal, explicit specification of a shared 
conceptualization’ [15], they are capable not only to describe 
concepts, and thus relevant parts of reality, but to model 
relations among them and hence put the represented knowledge 
into context [16, 17]. In the design process, ontologies are 
already deployed to describe relations among product features 
and to share knowledge for collaborative product development 
[18]. Furthermore, they offer potentials for the application in 
the product optimization process [19]. 
2.2. Knowledge creation in production 
Cyber-physical systems (CPS) comprising an integration of 
computation and physical processes consist of embedded 
computers and networks in order to monitor and control 
physical processes [20]. A CPS, shown in Fig. 2, contains 
distinct entities, such as sensors and actuators as well as 
components for data processing that are capable to control a 
physical process self-sufficiently.  
Target is a continuous integration of CPS on the shop floor. 
This allows a sensor-based detection of all accruing process 
and test data as well as workpiece and machine data along the 
value chain. The detected data is analysed and processed to be 
subsequently returned to an autonomous control loop for the 
production lines [21]. Thus, on the one hand the production 
quality can be increased and on the other hand a flexible 
response to disruptions in production or modified requirements 
becomes possible. A broader consideration of the state of the 
art of CPS is given in [22]. 
2.3. Differentiation 
However, the data obtained through CPS can not only 
contribute to an optimization of the production. Likewise, a 
multidimensional data room of product features, process 
characteristics and obtained product properties can be 
established. Using this data set, it is possible, for example to 
identify dependencies of features or process parameters and 
specified properties [23]. By means of a suitable form of 
knowledge representation of this data and dependencies it is 
possible to gain critical knowledge for product optimization in 
product design. In the following, we describe the approach to 
use data about process deficiencies obtained within the 
production process. Using knowledge bases, data can be 
transferred to knowledge that can be used for product 
optimization. 
3. Approach 
Cyber-physical systems increasingly gain importance in 
modern production systems. However, the potential of de-
centralized control units is far from being exploited. A yet little 
utilized feature is the usage of information, gained within a 
production process, in previous business processes. The 
hereafter presented approach bases on the idea to utilize 
process data gathered with such decentralized intelligences for 
supporting the product design process. By optimizing product 
features, the production process is to be optimized as well. 
3.1. General approach to use CPS knowledge feedback for the 
design process 
Machine control units such as cyber-physical systems 
provide sensors that are capable to measure process and 
machine parameters. Furthermore, the systems contain a 
processor unit, which facilitates the computation of data. The 
basic approach, shown in Fig. 3, uses CPS sensors to gather 
process data. Built-in algorithms interpret collected data and 
assign it to distinct states of condition. According to the 
required expressiveness of information, complex statistic 
algorithms may be required. However, also the use of simplistic 
thresholds allows a classification of data so that complex data 
processing is not necessarily required. Through this 
classification, failures within the process can be identified. CPS 
thus are capable to provide information about process 
irregularities and report distinct failure states. 
Subsequently, a reported failure state is to be interpreted and 
root causes have to be deduced. For this purpose, we utilize a 
knowledge base (KB) containing existing knowledge about the 
correlation of failure state and root cause. This covers both 
general knowledge of correlation between failure and cause, 
such as common mathematical or physical relations, as well as 
company or process-specific experience. The knowledge base 
uses ontologies to represent concepts and interdependencies. 
The used ontology holds two main classes: Failure and Cause.
These classes can be related with is_cause_of or with 
is_not_cause_of. Furthermore, the classes can be detailed with 
relations to descriptive classes such as Name, Location,
Technology, AmbientCondition and Symptom. Furthermore, the 
knowledge base allows the use of Case Based Reasoning 
(CBR) to identify causes that are not assigned to failure states. 
Once identified, a cause of failure has to be assigned to a 
feature that is responsible for the cause. This can be achieved 
by using another knowledge base containing product features 
as well as features of the production facility and the process. 
Using a generalized description of influences of the features on 
failure causes, as known from an Ishikawa diagram, the 
knowledge base can decide whether the cause results from 
product design inadequacies or is machine-induced or process-
induced, respectively. 
Fig. 2. Concept of a cyber-physical system
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As the approach focuses on the provision of knowledge for 
the design process, a database holds knowledge about the 
conceptualization of products. The knowledge base represents 
possible product features and their relations to possible 
influences on the production process. On the one hand, the 
utilized ontology contains already known mappings of failure 
causes to product features. On the other hand, the mapping is 
realized by comparing characteristics of the causes with feature 
influences. For this purpose the use of Case Based Reasoning, 
as described in [24], is applied. A crucial issue within the 
mapping process is the consistent use of characteristics terms. 
In order to guarantee consistency, we apply a thesaurus 
covering common terms of product features and influencing 
characteristics as also proposed in [19]. 
Eventually, the failure causing features need to be 
redesigned. In order to support this process, we apply a third 
knowledge base containing common design rules and feature 
catalogues as well as knowledge that is created by designers 
and engineers. The utilized ontology is based on the knowledge 
structure presented in [18]. With the contained knowledge 
about product structures and related design rules, the 
knowledge base finally provides information about how to 
avoid the detected failure within the production process. 
3.2. Integration in the design process 
The approach is capable to automatically select rules for 
product design adjustments in order to avoid failures within the 
production process causing downtimes or scrap parts. This 
considers both rules, that are not yet applied as well as 
implemented rules that need to be adapted. However, if the 
defect cannot be interrelated with an existing rule, the 
designer’s experience is also to be considered within the 
improvement process. For this reason, the approach does not 
only provide the eligible design rules but also presents all 
reasoning decisions that lead to the selection of specific design 
rules. Therefore, the designer is able to comprehend the logic 
process and, in the case of inconsistencies or incorrect 
deductions, to redefine relations among the concepts used or to 
adapt design rules. Thus, the knowledge bases are updated and 
extended. On the other hand designers gain knowledge about 
product features and knowledge is spread within the company. 
3.3. Meta ontology for data input 
In order to guarantee the consistency of knowledge bases, 
especially when several ontologies are deployed, the 
representation of the covered knowledge has to be 
standardized. For this purpose, we recommend the usage of a 
meta-ontology that handles data input. 
In contrast to an upper ontology, the use of a meta-ontology 
does not provide the structure of the product and process 
concepts. However, the knowledge itself can be structured. 
Therefore, it can be defined, which concepts and relations are 
necessary in order to describe the relevant knowledge. 
Furthermore, the meta-ontology holds information about 
storage locations for the knowledge. In addition, the ontology 
involves thesauri in order to maintain consistency of terms 
used. In this way, a meta-ontology serves as a blueprint for 
concepts to be implemented in the knowledge bases. Thus, the 
interaction among the different knowledge bases can be 
guaranteed. 
4. Implementation
For the implementation of knowledge bases used in the 
approach, we utilize Web Ontology Language (OWL) as it has 
become a standard language for Semantic Web Technologies 
[14]. Moreover, OWL can represent and infer more complex 
relations among concepts, as it is capable to describe logic 
expressions. For the modeling of the developed ontologies, we 
utilize the software tool Protégé, a development environment 
by Stanford University that can handle all common types of 
description languages [25]. 
As there are several methodologies to model ontologies, we 
utilize an iterative strategy developed in a former work [26] 
which is based on [25] and [27]. The development process 
consists of three phases: a planning phase for domain definition 
and determination of requirements, a modeling phase for class 
creation and the setting of relations as well as an 
implementation phase containing the choice of the 
representational language and the actual implementation of the 
models. All steps are accompanied by continuous knowledge 
acquisition as well as evaluation and testing of the model. 
Fig. 3. Knowledge Feedback to Design Process via CPS
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4.1. Definition of the knowledge structure 
In the first place, the information structure that is provided 
through CPS has to be examined. In general, CPS gather data 
within a process and apply algorithms to the data. Through 
these computations, events can be detected and reported to 
other systems. A common format for exchanging and providing 
data is XML [28]. As OWL is a special form of XML, a 
translation of data, provided through the CPS, into an 
automatically generated ontology is possible [28]. Thus, 
detected process failures can be written into a failure class in 
the first knowledge base. The classes used in this ontology can 
be seen in Fig. 4 (left).  
Manually or by means of automatic deduction, such as CBR, 
failure concepts are linked to cause concepts. For this purpose, 
the properties of failures and causes are compared. In case of a 
defined level of match is reached, the cause is linked to the 
failure using the is_cause_of relation. This matching can also 
be achieved by manually setting up the relation. Moreover, an 
is_not_cause_of relation can be stated in order to interdict the 
automatic assignment of a cause to a failure (Fig. 4, right). 
In the next step, the derived failure causes, available as 
ontology classes, are to be assigned to the related product 
features. This can be achieved by using an ontology holding a 
description of product features and correlating influence factors 
on failure causes. The structure of this knowledge bases is 
shown in Fig. 5. The level of matching of influence factors and 
cause characteristics decides, whether a distinct cause is related 
with a product feature or other product characteristics, such as 
material, manufacturing or spatial relations within the product. 
Moreover, the knowledge base holds influence factors that are 
related with the production process or the facility. A match of 
the failure cause to these influence factors indicates that the 
product is not responsible for production failures. In order to 
assign the cause to measures regarding process or machine 
features, the use of additional knowledge bases is 
recommended. The deduction of such measures as well as the 
implementation and structure of additional knowledge bases is 
issue of current examinations. Also in this ontology, a manual 
assignment of relations and interdictions is available in order 
to capture experts’ knowledge. 
The third ontology we utilize within the approach covers 
classes for product features and further characteristics, 
influencing factors as well as classes for design rules and 
optimization measures that are related with the influence 
factors. Relations among the concepts can be assigned 
indicating the usability of product design rules to overcome 
production failures. Similar to the other ontologies in the 
approach, the creation can be achieved manually or by using 
CBR methods. Eventually, the design rules, as well as all 
relevant decisions that lead to the specific optimization rule are 
presented to the designer. The necessary query is redirected 
using an upper ontology that connects the ontologies in use. 
4.2. Use of existing data structures 
A key success factor of the methodology is the ability to 
integrate existing knowledge bases. As already mentioned, the 
transfer of XML structure to OWL ontology is possible. 
However, in practice knowledge commonly is stored in 
structured query language (SQL) databases. In order to enable 
the implementation of this knowledge, we examined the 
translation of SQL data to OWL ontologies. Generally, table 
columns may be considered as classes, table rows as relations. 
However, in order to provide a hierarchy, distinct concepts may 
be present in distinct tables; relations are to be modeled as 
relations among tables. Another challenge poses the 
representation of semantic content. Using SQL, the structure of 
concepts can be modeled. However, representation of context 
as well as logic issues is feasible only to a limited extent. For 
this purpose, upper ontologies, as proposed in [29], can be used 
to provide a general concept structure and a semantic context. 
An implementation though requires manual revision of 
knowledge structures, as SQL databases are far from being 
standardized. A fully automated transfer of database 
knowledge to ontology is to be considered in further research.  
Nevertheless, even if the implementation of existing 
knowledge requires manual effort, the integration into the 
approach offers advantages regarding accuracy of reasoning 
results and thus applicability to new processes. The more 
knowledge is available in the knowledge bases, the more likely 
is the inference of a design optimization rule for a specific 
failure captured in production. 
5. Evaluation of the approach 
The presented approach is capable to identify failure causes 
and automatically assign them to product design rules that are 
suitable for overcoming production inadequacies. The 
methodology supports the better use of existing knowledge as 
well as the deduction of solutions that are related to the existing 
methods. Furthermore, the knowledge exchange is fostered, as 
the utilized ontologies provide a standardized structure for 
communication and thus reduce misunderstandings. This leads 
to a cost reduction, as the design process is accelerated and 
production inefficiencies such as downtimes and scrap parts are 
reduced. Another advantage of the approach is the reduction of 
data. Different from data mining or big data approaches, where 
big amounts of data are required that are post-processed using 
complex statistical algorithms, the presented approach is able 
to process data when they emerge. This avoids complex 
mathematics and thus costly hardware. 
Fig. 4. Structure of the KB for failure-cause deduction
Fig. 5. Structure of the KB for product feature matching
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For the evaluation of the methodology, the approach is 
implemented to an electronic production line for printed circuit 
boards. The examined test scenario covers possible defects in a 
reflow soldering process, such as delamination, cold soldering 
joints or displacements. The eleven identified soldering defects 
can be mapped to 13 possible failure causes such as position of 
components or the solder pad layout. Test results show that the 
identification of failure causes is feasible and hardly poses 
difficulties in form of incorrect assignments. In contrast to this, 
the creation of relations between causes and product features as 
well as the assignment of design rules is strongly dependent on 
thresholds used in the CBR processes. Especially the 
assignment of thermal influences, a main challenge in the 
soldering process, to distinct product features is error-prone, as 
every feature has more or less influence on the temperature 
distribution within the process. Thus, also the assignment of 
design rules, e.g. the number and position of components or the 
physical dimensions of conductor paths, is error-prone, as this 
process is dependent on the previous step. Therefore, these 
processes currently necessitate manual revision. This issue is to 
be examined in further research. However, experts’ knowledge 
may not be underestimated for the optimization of products and 
processes. A product designer has the experience to identify 
solutions for errors and thus can contribute to build up and 
improve the existing knowledge bases. For this reason, the 
possibility to manipulate and revise the automated knowledge 
transfer process is to be kept. Machine learning is another issue 
to be further examined. In the current process, deduction of 
relations is realized by using CBR. However, reasoning is a 
supervised procedure and generally needs to be evaluated by 
experts. Potential for further research poses the application of 
unsupervised learning approaches such as neural networks and 
deep learning methods. 
6. Conclusion 
In the context of digitalization, decentralized control units 
are of crucial importance. In this paper, we show how cyber-
physical systems can be utilized to provide knowledge for the 
product design process. Using three knowledge bases that 
transfer data to knowledge about failure causes and related 
product features, the approach provides product design rules 
that support the avoidance of production irregularities. Unlike 
big data approaches, the shown methodology facilitates the 
reduction of data transfer as information is aggregated to 
knowledge within the production process. This avoids complex 
data post-processing. Our further research covers the reuse of 
existing knowledge bases such as SQL databases as well as 
exemplary implementation of the system into a prototype 
production line. 
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